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Abstract 
This study examines the impact of both demand and supply side factors on long tail and superstar 
effects in the context of online software download. Our descriptive analysis suggests the 
coexistence of a steeper head and a longer but slimmer tail. Employing a novel empirical 
approach via the quantile regression model, we find a significant interaction effect between the 
demand-side factor (online user reviews) and the supply-side factor (product variety) on users’ 
software download. The influence of the two factors and their interplay on long tail and superstar 
effects vary significantly across different product popularity level. The results highlight the 
importance of incorporating both supply and demand factors in long tail research. The findings 
also offer an explanation for the mixed results reported in extant studies on the influence of online 
user reviews. 
Keywords:  E-commerce, long tail, online user reviews, product variety, word of mouth, software 
download, quantile regression 
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PRODUCT VARIETY, ONLINE WORD-OF-MOUTH AND 
LONG TAIL: AN EMPIRICAL STUDY ON THE INTERNET 
SOFTWARE MARKET 
Introduction  
A prominent promotion strategy in traditional brick-and-mortar stores is to highlight the hits, which is supported by 
the well recognized Pareto principle applied in sales distribution, namely 80/20 rule (Brynjolfsson et al. 2007). This 
rule illustrates that the cumulative sales from the most popular products (less than 20 percent) account for 
approximately more than 80 percent of total sales. Many researchers have confirmed such a superstar effect through 
both theoretical and empirical analysis in various contexts of experience goods (Frank and Philip 1995; Rosen 
1981). In essence, the superstar effect represents a scenario that the very popular products would attract more and 
more adoptions over time and thus have a richer-get-richer and winner-takes-all situation. Such a superstar effect has 
also been shown to be strengthened by the Internet and other digital distribution channels (Duan et al. 2009; Tucker 
and Zhang 2007). Yet the Internet and other digital channels also provide the opportunity for more underdogs to be 
discovered by providing more product choices and information. Anderson (2006) firstly coins the term “Long Tail”, 
which envisages that niche products make up a larger share of total sales in online channels as shown in Figure 1. 
There are both supply and demand side factors that are attributed to the formation of long tail (Brynjolfsson et al. 
2006). Major supply side factors are the increased availability and variety of products on the Internet due to virtual 
shelf space, make-to-order production and digital distribution, which significantly reduce the cost of producers and 
retailers (Brynjolfsson et al. 2006). Key demand side factors include abundant online product information, such as 
customer reviews and recommendations, and power search and sampling tools on e-commerce websites. The widely 
adopted online feedback systems significantly reduce consumers’ search costs, risks and uncertainties through the 
so-called digital Word Of Mouth (WOM), which is the exchange of product reviews among consumers on the 
Internet (Hervas-Drane, 2007). 
  
 
Figure 1.  Long Tail on Distribution Curve1 
 
The predicted shift of user choices to niche products by the long tail phenomenon has attracted attentions from both 
practitioners and academics. Brynjolfsson et al. (2007) find that the internet consumers are more likely to purchase 
niche products in the book industry, in support of long tail phenomenon. Many companies start to consider 
leveraging the impact of the emerging niche market. Schmidt (2005), Google's CEO, references long tail in his 
statement about Google’s mission as serving “individual contributor, the small business, the company where Joe or 
Bob is the CEO, the CIO, the CFO and the worker and the support person ― a one person company, a two-person 
company, a three-person company” as well as very large customers. There is, nevertheless, doubt among researchers 
on how to interpret the shift of consumer choices to the tail of sales distribution. For example, it has been suggested 
                                                          
1
 Adapted from Long Tail Blog. 
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that it is the heterogeneity of consumption pattern that has been exaggerated as long tail (Elberse 2008). Zhao et al. 
(2008) find that online WOM strengthens demand for hits products more than non-hit products, supporting the 
superstar argument. More interestingly, Elberse and Oberholzer-Gee (2007) and Tucker and Zhang (2007) argue the 
coexistence of both long tail and superstar effects based on their empirical investigation on video sales and online 
wedding service vendor lists respectively. 
To shed light on the conflicting theories and mixed results, the objective of this research is to focus on both a key 
supply side factor ― product variety, and an important demand side factor ― online WOM. Previous long tail 
research has either focused on supply side explanations or demand side justifications. Brynjolfsson et al. (2003) and 
Gouville and Soman (2005) discuss how product variety would change consumer choices, and reach dissimilar 
conclusions. Many recent work focus on examining the influences of demand side factors, especially user reviews, 
yet obtaining mixed results as well (Brynjolfsson 2007; Fleder and Hosanagar 2008; Ghose and Gu 2007; Hervas-
Drane 2007; Tucker and Zhang 2007). Our study is particularly interested in investigating the influence of both 
online WOM and product variety, especially in their interaction effect, on long tail phenomenon in the context of 
online software download.  
Our descriptive analysis suggests the coexistence of superstar and long tail effects. We further employ a novel 
empirical approach via the quantile regression model to generate more insights on potential explanations for such 
coexistence. We find significant impact of the interaction term between product variety and online user ratings, 
which could reconcile the previous mixed results. Empirical results from quantile regression model show that impact 
from online user reviews and product variety both vary with respect to different product popularity level. Neutral 
user ratings have significant positive impact on software download, and the impact is stronger for more popular 
products regardless of product variety. This finding seems to support the superstar effect. As to extreme reviews 
(positive or negative), we find there exists a threshold of weekly product variety for each quantile. The results 
suggest that when product variety exceeds the threshold, in contrast to neutral ratings, the increase of positive user 
ratings has more positive impact on software download, whereas the positive impact of negative user ratings is less 
significant. The interaction effect suggests that consumers can better match their preferences with software products 
by referring to extreme user reviews, especially when facing a large pool of potential choices. As far as the impact 
of product variety is concerned, for products with neutral ratings, the results suggest that the increase in product 
variety leads to the significant increase of software download, and the impact is stronger for unpopular products, 
which is consistent with the long tail prediction. We also find the increase in product variety also leads to more 
download for products with extreme user ratings, and such impact is stronger than that of neural ratings.  
This paper contributes to several lines of research. This paper adds to the empirical research that studies the long tail 
e-commerce by offering a new perspective on the influence of the interaction effect between the demand and supply 
side factors. To our knowledge, it’s the first empirical research that examines the impact of the interaction between 
online WOM and product variety on long tail phenomenon. This study also contributes to Information Systems (IS) 
and Marketing research by re-examining the impact of online WOM, whose impact is suggested to be dependent on 
the level of product variety in our study. Our results suggest that these two factors interact with each other and their 
impact on consumer choices are much more complicated than what has been revealed before. How the different 
level of user ratings influences use choices depends on the corresponding level of product variety; and in turn the 
magnitude of impact of increased product variety varies along with the different level of user ratings.  
This paper also contributes to the IS research by demonstrating the advantages of employing the quantile regression 
methodology, which has been rarely applied in extant studies. The quantile regression model is especially developed 
to gauge to the skewed sample distribution, which features most data in the long tail research. The quantile 
regression model has the unique advantage to estimate the individual marginal effect of all explanatory variables for 
each quantile of the dependent variable. Thus the quantile regression results provide a comprehensive understanding 
of the impact on products across the entire spectrum of the distribution other than only focusing on head and tail as 
exhibited in extant research (Brynjolfsson et al. 2007; Tucker and Zhang 2007; Zhao et al. 2008). 
Our study also contributes to the practice of online software industry. Though many extant long tail research focus 
on the cultural goods such as books and movies (Lang et al. 2009), Anderson (2006) notes that long tail effect could 
surely be extended to industries ranging from manufacturing to services such as eBay, Google, and Salesforce (a 
customer relationship management (CRM) software service provider). He argues that the three primary forces of the 
long tail summarized as “make it, get it out there, and help me find it”, which could significantly influence the 
economics of the software industry. Considering that most software products can be produced and delivered on the 
Internet, as the first attempt of examining the long tail effect in the online software market, our study not only 
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expands the boundary of long tail research, but also provides important implications for software producers and 
retailers to carefully balance the product variety and cautiously employ the online consumer review systems.  
The rest of paper proceeds as follows. Theoretical background and research hypotheses are discussed in the next 
section. We then describe the data and analyze the empirical model. In the last section, we discuss the results and 
implications, and conclude the paper by addressing the limitations and identifying areas for future research.  
Theoretical Background and Research Hypotheses 
Research Context 
This study is conducted in the context of online software download at CNET Download.com (CNETD). CNETD, as 
a part of CNET network, is a leading and representative online platform for software downloads. CNETD provides 
an ideal environment for this study for several reasons. First, in addition to the description of product features, the 
information about the number of products available for each category and product evaluation from user reviews, 
with both detailed comment and a 1-5 star rating, for each product is also readily available. This sets up the 
foundation for our study to test how the influence of online WOM would depend on the level of product variety. 
Specifically, we use cumulative average user ratings as a measure for online user reviews, which is the most 
prominent user feedback information displayed for each product. We refer product variety to the number of software 
programs listed in a specific category, which also can be easily observed by users. All the information on CNETD is 
updated on a daily basis, which enables us to comprise a longitudinal data set to analyze the dynamics of software 
download. Second, none of the parties (users, CNETD, and software owners) would benefit directly from the 
increase of the software download,2 there is no incentive for any of them to manipulate the user reviews as a 
disguised “promotional chat” (Mayzlin 2006).  Therefore, the user reviews on CNETD provide a reliable proxy of 
online WOM of the software products listed. Finally, all the software programs listed on CNETD can be 
downloaded without any charge; hence, the price effect on demand side is controlled by default (Duan et al. 2009). 
Research Hypotheses 
Online User Reviews 
Researchers and practitioners have long recognized the importance of WOM as an influence of information 
transformation on the demand side, and the use of the Internet for publicizing feedbacks and recommendations on 
products has broadened the reach of WOM and sparked growing interests in examining the effect of WOM in the 
digital age. Online user reviews, as one of the most important format of WOM on the Internet, has received focal 
attentions in academic studies (Chevalier and Mayzlin 2006; Godes and Mayzlin 2004). Online product feedbacks 
and recommendations have been viewed as the important demand side factor to reduce consumer search cost in 
discovering more obscure products, thus contributing to the long tail effect (Brynjolfsson et al. 2006). An earlier 
theoretical development by Bakos (1997) has predicted that WOM recommendations would help consumers find 
more unpopular goods matched to their preferences. Hervas-Drane’s (2007) analytical model shows that 
recommendation system would function as a tasting matching mechanism to help consumers get product 
information from others with similar preferences, and thus reducing sales concentration. Clemons (2008) shows that 
online WOM has increased consumers’ informedness. Such a change in the demand side would make firms earn 
more in the “new created resonance marketing sweet spots” whereas earn less in the “traditional mass-market fat 
spots”, which advocates the influence of WOM on user adoptions of tail products. These studies appear to support 
the long tail argument.  
                                                          
2
 CNETD provides three kinds of listing packages with different prices and services for software owners, yet none of which is 
related with the software’s download performance. In addition, at the beginning of each month, the owners have the opportunity 
to bid for five slots in advertisement in CNETD’s “Pay-Per-Download (PPD)” service by the amount for each Certified Unique 
Download and the maximum amount the promotion (Spend Cap) for the following month. The price of this advertisement 
(PPD*Spend Cap) is fixed for the winner even if the actual downloads is below the Spend Cap he/she bids. 
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However, other studies seem to have different findings on the impact of online WOM across different product 
popularity level. Fleder and Hosanagar (2008) find that since most recommenders recommend products based on 
sales and ratings, recommendations lead to a net reduction in average sales diversity and reinforce the popularity of 
already popular products. Ghose and Gu (2007) quantify search cost using data from Amazon and Barnes & Noble. 
They find consumers incur higher costs on unpopular books than popular books, implying the rich-get-richer 
situation. Duan et al. (2009) demonstrate that popular products become more popular because of informational 
cascades regardless of user ratings. However, informational cascades theory also suggests online user reviews have 
an increasingly positive and significant impact on adoption of less popular products. Their findings provide an initial 
interpretation for the mixed results of online user reviews, which signals the coexistence of superstar and long tail 
effect.  
Recent studies also suggest that the impact of online user reviews depends on not only different product popularities, 
but also different levels of user ratings. Clemons et al. (2006) show that the strength of the most positive quantile of 
reviews helps new products grow fast in the marketplace. Chevalier and Mayzlin (2006) find that the 5-star reviews 
improve sales whereas 1-star reviews hurt sales, and the impact of one-star reviews is greater than the impact of 5-
star reviews. Zhao et al. (2008) take a more detailed look at the relationship between online user reviews and 
product popularity. Their findings suggest that positive WOM has stronger impact on hit products than on non-hit 
products, in support of the superstar effect. 
Complementing the existing lines of research, we argue that the relationship between online user reviews and 
product adoption is more complicated than previously considered. Online user reviews is an important information 
resource for consumer decision making. Their decisions, however, are based on the diagnosticity and accessibility of 
the information, along with its match to users’ prior beliefs and preferences (Feldman and Lynch 1988). When 
product variety is significantly increased, both diagnosticity and accessibility of online user review information 
change accordingly. Hence, the influence not only depends on the level of user review ratings, the level of product 
popularity, but also depends on level of product variety. In order to disentangle such intricate relationships, we will 
first discuss and develop the hypotheses of the impact of online user reviews, and further discuss the impact of 
product variety in the next section. 
Prior studies often separate the influence of positive and negative reviews, but neglecting neutral (mixed) ones, 
though many review systems clearly indicate its availability (Eliashberg and Shugan 1997). E.g., many websites use 
a five-star online review system for user feedback on product and services, including Amazon, CNETD, eBay, and 
etc. eBay even clearly categorizes “neutral” when inviting users to evaluate the overall transaction. Thus industry 
experience and anecdotal evidence suggest that neutral user ratings may have different impact from extreme 
(positive or negative) user ratings. For products with neutral (mixed) ratings, the evaluation on overall product 
quality and customer satisfaction is not deterministic. Feldman and Lynch (1988) argue that moderately diagnostic 
inputs, which can be considered as neutral ratings in our context, may be ignored when more diagnostic information 
(such as extreme reviews) is available. In other words, neutral ratings are not as diagnostic and influential as 
extreme (positive or negative) ratings. The change of neutral user ratings (e.g., from 3 to 4, or from 3 to 2), however, 
makes the scores fall into the positive or negative territory. Users then obtain more diagnostic information from the 
change, and therefore, are more likely to consider adopting or eliminating the product. Moreover, this impact is 
expected to be stronger on popular products. Maryanchyk (2008) notes that users treat the cumulative rating as a 
more informative signal when it is based on more user reviews. Popular products have attracted more users, thus 
receiving more reviews. Hence the impact of change of neutral user ratings would be amplified by a larger user base 
for more popular products. Therefore, we propose 
H1: Neutral user ratings have significantly positive impact on software download. The impact is stronger with 
respect to popular products than unpopular ones.  
Previous studies suggest that positive user ratings lead to increased product sales (Chevalier and Mayzlin 2006; 
Duan et al. 2008; Godes and Mayzlin 2004). The impact of positive ratings on products with different level of 
popularity, however, is in two folds. On the one hand, the superstar and informational cascades theories suggest that 
hit products benefit more from positive online reviews, leading to a popular gets more popular situation (Duan et al. 
2009; Zhao et al. 2008). On the other hand, Clemons (2008) finds that most positive quantile of reviews help new 
products grow fast in the marketplaces. Hervas-Drane (2007) shows that WOM recommendations increase 
consumers’ probability of locating a matching product, increasing product sales diversity in the long term. Those 
findings support the view that the increase of positive user reviews contributes to the long tail phenomenon. There 
is, therefore, unclear trend of positive user reviews on popular and unpopular products.  
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Yet we argue that the impact of positive ratings is stronger than neutral ones. Extant research has suggested that 
online user reviews are often bimodal and extreme user ratings would draw more attentions from users (Hu et al. 
2006). To put it differently, extreme user ratings are perceived by consumers as more diagnostic. Specifically, 
positive user reviews can signal high product quality to users. Any changes of positive user reviews would result in 
either more positive reinforcement of the signal, or significant reduction of the signal. Therefore, we propose 
H2: Positive user ratings have significantly positive impact on software download. The impact is stronger than 
the impact of neutral user ratings.  
Following the similar argument, the impact of negative user ratings is also different from the impact of non-negative 
ratings. Though negative reviews also attract the attentions from consumers, its impact is merely negative. The 
changes of cumulatively negative ratings could either lead to more negative reviews or neutral ones whose impact, 
therefore, is much weaker than products with non-negative reviews. We thus propose the following hypothesis. 
H3: Negative user ratings have significantly positive impact on software download. The impact is weaker than 
the impact of non-negative ratings. 
Product Variety  
Product variety is thought to be good almost universally. A wide assortment of products is expected to better meet 
the needs of consumers. Increased variety and availability of products through distribution in digital channels are 
considered to be the supply side factors for long tail phenomenon. Virtual shelf space, made-to-order production, 
and electronic delivery significantly reduce the cost in the supply side, which further increases the incentive to 
develop new products. In addition, consumer tastes and demand pattern may also change as result of exposure to 
new products (Brynjolfsson et al. 2006). Brynjolfsson et al. (2003) shows that increased product variety in electronic 
markets significantly contribute to the consumer surplus gains. However, there are also studies casting doubts on the 
benefit of product variety.  Gourville and Soman (2005) identify the “overchoice” effect referring to the potential 
negative impact of increased product assortment on consumer choices. The key idea is that complex and large 
amount of information cause cognitive overload and anticipation of regret. The impact is so influential that 
customers may be overwhelmed and dissatisfied, thus resulting in not to make any choice at all. 
As discussed beforehand, we argue that there is an interaction effect between online WOM and product variety in 
online software market. Such an interaction effect may offer an explanation for the disagreeing arguments of the 
impact of increased product variety. Considering the following two cases in which online users have to make 
decisions from a large number of products: 1) users are only provided with limited product information, without 
other users’ feedbacks and evaluations; 2) users are provided with other users’ evaluations and recommendations of 
the product. Intuitively, users in the second situation could locate and match their preferences with products more 
easily. The users in first situation, nevertheless, could be easily confused and overwhelmed by the large amount of 
choices. It is very likely that they may end up not to choose any product according to the prediction of Gourville and 
Soman (2005). As suggested in recent studies (Hu and et al. 2006), users seem to pay more attentions to extreme 
user reviews. The extreme user reviews not only gain much more user attentions, but also are perceived to provide 
more valuable product information by either highlighting the sparkling points or emphasizing on shortcomings of 
products. As a result, extreme user reviews are more helpful for users’ decision making out of a large variety of 
products. We, therefore, propose 
H4: Product variety, namely the number of products available, has significantly positive impact on software 
download. The impact is stronger with respect to products with extreme user ratings than products with neutral 
user ratings.   
Similar to the discussion on user reviews, the superstar and long tail theories also suggest that we should 
differentiate the impact of product variety on products with different level of popularities. The long tail effect argues 
that increased product variety can provide users a larger pool of candidates, thus better helping users match their 
preferences, which leads to the adoption of a larger diversity of products (Anderson 2006; Hervas-Drane 2007). In 
other words, it is predicted that the positive influence from the increase in product variety is stronger on the tail 
products than the head ones. For products with neutral user ratings, such a claim holds because increased product 
variety may draw consumers’ attentions to more diversified products. However, we question whether this claim 
holds for product with extreme ratings. As discussed above, the impact of product variety is strengthened by extreme 
user ratings. Popular products have larger user base than unpopular ones. Thus for products with extreme user 
 Zhou and Duan / Product Variety, Online Word-of-Mouth and Long Tail 
 Thirtieth International Conference on Information Systems, Phoenix, Arizona 2009 7 
ratings, this strengthened impact of product variety is expected to be stronger with respect to popular products than 
to unpopular ones, suggesting a popular gets more popular situation instead of long tail. This superstar effect from 
increased product variety for products with extreme user reviews entangles with the long tail effect, which makes it 
undecided about how product variety’s influence weighs on head and tail for products with extreme user ratings. 
We, thus, leave it open to explore the trend of the impact of product variety for products with extreme user ratings, 
and propose the following hypothesis focusing on neutral user ratings.  
H5: For products with neutral user ratings, the positive impact of product variety on software download is 
stronger with respect to unpopular products than popular ones. 
Data 
We collect data from CNETD, which is a collection of over 30,000 free or free-to-try software programs for 
Windows, Mac, and mobile devices. CNETD lists around 20 large groups of software programs with approximately 
5~20 categories in each group. For each software program posted, in addition to the overall product descriptions, 
CNETD also provides download counts and solicits user reviews. The user review system includes detailed 
comments and an overall evaluation indicated by a five-star user rating system. CNETD also provides editorial 
reviews for selected software programs (usually the popular ones). Reviews are summarized by ratings on a scale of 
one to five, with one being the worst and five the best.  
Our sample consists of three software categories, which includes the popular downloaded software categories as 
well as providing a diversified coverage of software programs with different application purposes. The categories 
we choose are: Digital Media Player, Download Manager and MP3 Finder. Our sample consists of weekly data for 
two periods: from Dec. 2004~Jul.2005 (period 1) and from Aug. 2007 to Feb.2008 (period 2). The time interval 
across the two periods offers us the unique opportunity to observe and compare the variation of software download 
pattern. The two periods are also fairly comparable. Both periods encompass similar time lag: period 1 has eight 
months while period 2 has seven months. In addition, during these two periods, there has been no fundamental 
change on CNETD in terms of the design of the interface, user ratings or the CNET ratings system, search options, 
and etc. The number of software programs listed in each category differs considerably from approximately 50 to 450 
(see Table 4 for more details). This difference reflects the distinctive environment in each category, which we define 
as a single market (Duan et al. 2009). We extract information on every software program listed in each category: 
software name, date added, total download, last week download, average user ratings and CNET ratings. We also 
collect software characteristics including operating system requirement, file size, publisher, license (free or free-to-
try), and price if its license is free-to-try. Table 1 presents the variable definition, description, and explanation of 
measurement. 
 
Table 1. Description of Key Variables 
Variable                                                  Description and Measure 
WEEKLYDOWNLOADit                       Weekly number of downloads of software i at time t 
TOTALDOWNLOADit Cumulative number of downloads of software i at time t  
USERRATINGit Average user rating for software i at time t (one to five scale with half points) 
CNETRATINGDit A dummy variable measures if software i receives CNET rating at time t 
WEEKLYRANKit The rank of software i at time t by weekly downloads  
WEEKLYVARIETYt The total number of software programs listed in the category at week t 
FREE PRICEDit A dummy variable measures if software i is free-to try at time t 
AGEit Days since software i has been posted.  
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Empirical Methodology and Results 
Descriptive Analysis of Software Download Distribution 
Long tail advocates predict that the market will increasingly shift away from the focus on a small number of best-
selling products towards a larger collection of niche products. As an initial exploration of the data, we conduct the 
descriptive analysis on each of the three categories for the two periods. Table 2 provides a brief statistic summary of 
the two periods. The maximum of total download is larger in period 2, but the median is smaller. The median and 
maximum weekly download are both smaller in period 2. These statistics suggest that there are more products 
receiving fewer download, indicating the longer tail effect. Table 3 lists the percentage of monthly average 
download accounted by different quantile of number of software. It suggests the download becomes more 
concentrated, and the tail appears to become flatter and slimmer, indicating the coexistence of a steeper head and 
longer tail. For all three categories, almost every percentage of software download accounted by each level of 
download rank quantile decreases in period 2 compared with period 1. For example, in the category of Digital Media 
Player, the percentage of downloads accounted by 99 quantile of total software titles is decreased by 16.82% from 
period 1 to period 2; the percentage for 50 quantitle is decreased by 82.32%; and the 25 quantile is decreased by 
82.14%. For a better illustration, Figure 2 plots this distribution for both periods for each category, starting with the 
highest downloaded software on the left side (the “head” of the distribution), and the lowest-downloaded software 
on the right side (the “tail”). This demonstrates a scenario in which the distribution becomes more asymmetrical and 
builds a sharper peak and a longer but flatter tail, which is consistent with the findings of Tucker and Zhang (2007) 
and Elberse and Oberholzer-Gee (2007). 
 
Table 2. Summary Statistics for Sample Periods 1 and 2 
Variable Mean (P1|P2) Median(P1|P2) Min.(P1|P2) Max.( P1|P2) 
Digital Media Player  
WEEKLYDOWNLOAD(thousand) 
 
3.75|1.55 
 
0. 28|0.02 
 
0.00|0.00 
 
212.65|134.99 
TOTALDOWNLOAD(thousand) 564.91|401.97 21.629|8.98 0.23|0.07 33476.79|57917.08 
WEEKLYVARIETY 179|454 181|457 159|248 203|696 
Download Manager  
WEEKLYDOWNLOAD(thousand) 
 
1.50|0.90 
 
0.13|0.03 
 
0.00|0.00 
 
212.65|42.11 
TOTALDOWNLOAD(thousand) 561.75|435.86 19.89|11.80 0.23|0.06 33476.79|55461.18 
WEEKLYVARIETY 179|223 181|233 159|154 203|312 
Mp3 Finder  
WEEKLYDOWNLOAD(thousand) 
 
25.81|10.06 
 
0.90|0.11 
 
0.01|0.00 
 
1125.99|525.49 
TOTALDOWNLOAD(thousand) 4329.16|6020.43 36.01|24.30 0.66|0.07 132772.94|171081.87 
WEEKLYVARIETY 106|93 105|94 72|53 131|136 
Note: P1 denotes period 1 and P2 denotes period 2. The data is based on weekly aggregation 
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Table 3. Distribution of Monthly Software Download 
  %of Download  
Digital Media Player Download Manager MP3 Finder %Rank 
Period1 Period2 Period1 Period2 Period1 Period2 
1 0.001 0.0001 0.001 0.0004 0.0005 0.0001 
5 0.01 0.002 0.03 0.01 0.01 0.001 
10 0.05 0.01 0.10 0.02 0.02 0.003 
25 0.28 0.05 0.45 0.14 0.14 0.02 
50 1.64 0.29 1.78 0.77 0.86 0.17 
75 6.69 1.28 5.85 3.87 3.30 1.03 
90 16.22 4.56 17.51 12.14 8.80 4.33 
95 24.62 10.55 31.47 22.54 18.46 11.45 
99 57.07 47.31 72.75 68.40 64.94 61.87 
 
 
Quantile Regression Model 
The descriptive analysis identifies the potential coexistence of superstar and long tail effects in software download 
distribution.  Most extant theories, nevertheless, have shown disparate support for either superstar or long tail effect. 
The major objective of this study is to provide some insights on the mixed findings by focusing on both an important 
supply side factor (product variety) and a key demand side factor (online WOM).   
Particularly in our research context, our hypotheses suggest that number of software listed (supply side factor) and 
online user reviews (demand side factor) have different impacts on different parts of software download distribution. 
It is, therefore, inappropriate to use the standard linear regression model, such as OLS, which merely estimates the 
average effect of covariates on the dependent variable. Instead, we adopt the quantile regression model as discussed 
by Elberse and Oberholzer-Gee (2007). Quantile regression model has been widely implemented in the fields of 
economics and finance (Koenker and Gilbert 1978), yet rarely employed in information systems research, 
presumably due to the primary focus on mean effects in most studies.  
Quantile regression model specifies that the conditional quantile of the outcome variable is a linear function of 
independent variables. By examining a series of quantiles, we are able to assess and uncover the differences and 
patterns of the impact of the covariates at various locations of the distribution. The general form of the quantile 
regression models is expressed as 
 
Note: Blue line refers to Period 1and red dotted line refers to Period 2  
Figure 2.  Distribution of Monthly Download  
Web-based Information Systems and Applications 
10 Thirtieth International Conference on Information Systems, Phoenix, Arizona 2009 
     ( | ) ' ( )Q y x xγ β γ=      (1) 
where Qγ(y|x) denotes the γth quantile of the distribution of y, and x denotes the vector of independent variables. We 
estimate the model using series of quantiles including 5th, 10th, 20th, 30th, 40th, 50th, 60th, 70th, 80th, 90th, 95th and 99th. 
Our key observation of the outcome variable is the number of weekly downloads. Products with more weekly 
download, namely in higher quantile of weekly download distribution, are considered more popular. We apply the 
natural log transformation on this variable (Log (WEEKLYDOWNLOADit)) and use it as the dependent variable in 
the quantile regression.  The log transformation has the advantage of reducing the non-constant variance and 
converting the value to a comparable magnitude to other variables. In addition, the “monotone equivariance” 
property of quantile regression model, which does not hold for OLS regression, allows us to re-interpret perfectly 
the fitted quantile regression models for untransformed variables from transformed variables (Koenker 2005). 
Equation (1) can then be estimated using the following linear form  
1log( ) ( ) ( ) ( )it t jt ijt it i tQ xγ β γ β γ ε γ α δ= + ∗ + + +∑    (2) 
Qγit denotes the γth quantile in weekly downloads of software i at time t, and ß1t(γ)is a constant term. xijt denotes the 
value of jth explanatory variable for software i at time t, and εit is the error term. The first three hypotheses predict 
that the impact of extreme user ratings on software download is different from the impact of neutral ratings. In our 
context, user ratings range from 1 to 5, hence 3 can be defined as neutral ratings and all the other levels can be 
defined as extreme ratings. We note that a minor linear transformation of the user ratings would help differentiate 
different level of user ratings and thus make the interpretation of the coefficients more intuitive. Instead of including 
USERRATINGit, we consider (USERRATINGit-3). For parsimony, we name the new variable USERRATINGRit. If 
ratings are neutral/positive/negative, namely equal to/above/below point 3, USERRATINGRit is 
zero/positive/negative respectively. In order to assess the nonlinear impact of different level of user ratings, we also 
include a quadratic term of USERRATINGRit, denoted by USERRATINGRSQit. To test the interaction effect between 
product variety and online WOM, we include the interaction term WEEKLYVARIETYt*USERRATINGRSQit. 
Therefore, the components related to user ratings in our model can be expressed as 
β1*USERRATINGRit+β2*USERRATINGRSQit+β3*WEEKLYVARIETYt*USERRATINGRSQit. The first derivative for 
the expression shows that the marginal influence of user ratings is 
β1+(2β2+2β3*WEEKLYVARIETYt)*USERRATINGRit. Because USERRATINGRit equals to zero for neutral ratings, 
H1 suggests β1 to be significantly positive with increasing values along increasing quantiles. H2 and H3 imply that 
β2+β3* WEEKLYVARIETYt is significantly positive.  
We include the term β3*WEEKLYVARIETYt*USERRATINGRSQit+β4*WEEKLYVARIETYt to estimate the influence 
of product variety on software download. The marginal influence of product variety can then be expressed as 
β4+β3*USERRATINGRSQit. H4 suggests that β3 is significantly positive and the sign of 
(β4+β3*USERRATINGRSQit) is also positive. H5 suggests that β4 is significantly positive and has the smaller 
absolute values in lower quantiles. 
Following previous research, we use the accumulative number of downloads (TOTALDOWNLOADit) to control for 
network effects (Brynjolfsson and Kemerer 1996; Duan et al. 2009; Gallaugher and Wang 2002), which is 
considered to be particularly prominent in the software industry. We also include the software fixed effects (αi) and 
time fixed effects (δt) into the model to control for any unobserved intrinsic individual software characteristic and 
time differences. Our model also includes product age AGEit and the quadratic term of product age AGESQit to 
control for product diffusion (Duan et al. 2009). A dummy variable FREEPRICEDit is used to control for license 
difference of the software. In addition, CNETD editorial staffs review some of the software programs (less than 
20%) with an emphasis on popular ones using similar five-star rating system as user ratings. We thus use a dummy 
variable CNETRATINGDit to control for the impact of the availability of CNET ratings. Finally, WEEKLYRANKit is 
also included to control for the influence of relative product popularity within the category.  
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Quantile Regression Results 
We estimate the quantile regression model using the aggregated weekly observations for each of three categories for 
period 2,3 when the coexistence of long tail and superstar has been demonstrated in the descriptive analysis. Table 4 
provides the descriptive summary of our weekly CNETD data.  
 
Table 4. Descriptive Statistics of Key Variables 
Variable Mean S.D. Min. Max. 
Digital Media Player (N=11810) 
WEEKLYDOWNLOAD(thousand) 
 
1.54 
 
10.12 
 
0.00 
 
222.98 
CNETRATINGD 0.09 0.29 0.00 1.00 
USERRATING 1.00 1.54 0.00 5.00 
TOTALDOWNLOAD(thousand) 412.85 3,312.11 0.00 59,351.98 
WEEKLYRANK 222.09 129.91 1.00 452.00 
WEEKLYVARIETY 442.24 40.33 242.00 466.00 
FREEPRICED 0.47 0.50 0.00 1.00 
AGE 617.70 536.08 0.00 3,457.00 
Download Manager (N=5796) 
WEEKLYDOWNLOAD(thousand) 
 
0.87 
 
4.81 
 
0.00 
 
211.64 
CNETRATINGD 0.22 0.42 0.00 1.00 
USERRATING 1.24 1.67 0.00 5.00 
TOTALDOWNLOAD(thousand) 409.92 3,871.18 0.00 57,512.68 
WEEKLYRANK 109.06 65.28 1.00 249.50 
WEEKLYVARIETY 217.15 31.29 150.00 256.00 
FREEPRICED 0.66 0.48 0.00 1.00 
AGE 591.55 569.69 0.00 2,365.00 
Mp3 Finder (N=2423) 
WEEKLYDOWNLOAD(thousand) 
 
9.64 
 
62.10 
 
0.00 
 
909.30 
CNETRATINGD 0.13 0.33 0.00 1.00 
USERRATING 1.88 1.76 0.00 5.00 
TOTALDOWNLOAD(thousand) 5,082.54 25,180.93 0.00 1,720.00 
WEEKLYRANK 45.65 26.67 1.00 96.50 
WEEKLYVARIETY 90.13 9.58 52.00 97.00 
FREEPRICED 0.22 0.41 0.00 1.00 
AGE 424.56 439.12 0.00 2066.00 
 
To facilitate the interpretation of the results,4 Figure 3a, 3b, and 3c provides quantile plots for some key independent 
variables for each category. We plot the quantile regression estimations for γ (quantile) ranging from 0.05 to 0.99 as 
the solid black curve.  The gray area illustrates the 95% confidence interval. For each category, most of estimators 
                                                          
3
 We also extend our empirical examination to more categories, i.e. File compression, which generates qualitatively similar 
results; the report is available upon request.  
4
 Due to the page limit, we do not include the table of the full estimation results, which is available upon the request. 
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are significant across all quantiles. Overall the model fits the data very well. The coefficients on USERRATINGRit 
(β1) for each category are significantly positive and increasing along the quantile, suggesting that H1 is supported. 
Neutral user ratings have significantly positive impact on software download, and this influence is stronger for more 
popular products, which supports the superstar effect. 
The coefficients on the interaction term WEEKLYVARIETYt*USERRATINGRSQit (β3) for each category are 
significantly positive across all quantiles, which renders support for H4. Products with extreme user ratings benefit 
more from increased product variety. Moreover, the coefficient on product variety WEEKLYVARIETYt (β4) is 
significantly positive, with larger value in lower quantiles. This implies that for products with neutral user ratings, 
the increase of product variety has a stronger positive impact on unpopular product. H5, therefore, is also supported 
and helps explain the existence of long tail phenomenon. It is noted that for categories of Download Manager and 
MP3 Finder, β4 even becomes slightly negative in the highest quantile (0.99). This suggests that the “head” products 
received neutral ratings may even suffer from the increase of product variety by receiving even less downloads. This 
also provides explanation for the observed long tail effect driven by increased product variety.  
As discussed above, to support H2 and H3, the expression of β2+β3*WEEKLYVARIETYt is expected to be positive. 
However, we find the coefficient on USERRATINGRSQit (β2) is significantly negative across all quantiles, which 
means the sign of β2+β3*WEEKLYVARIETYt may not be positive all the time. Because of the different signs of β2 
and β3, there actually exists a threshold of WEEKLYVARIETYt for each quantile to ensure a positive sign of 
β2+β3*WEEKLYVARIETYt.5 In other words, if the weekly variety exceeds the corresponding threshold, which 
implies a market with high product variety, then H2 and H3 are both supported. In our sample, the average product 
variety in each category is beyond all thresholds for all quantiles, which supports H2 and H3 that the increase in 
positive/negative user ratings leads to more software download, and this impact is stronger/weaker than the impact 
of neutral ratings.  
As a comparison, we also conduct OLS regression and the estimated coefficients of the key covariates are shown in   
Figure 3. All OLS estimators on USERRATINGRit, USERRATINGRSQit and WEEKLYVARIETYt (β1, β2, β4) are 
significantly different from the corresponding median estimators of quantile regression, which suggests that the 
distribution of our response variable (WEEKLYDOWNLOADit) is highly skewed and OLS regression cannot provide 
consistent estimation results. Moreover, the estimated values and signs of the coefficients on USERRATINGRit (β1) 
and WEEKLYVARIETYt*USERRATINGRSQit (β3) are not consistent over the three categories, which implies 
contradictory inferences for the impact of neutral user ratings as well as the interaction effect. This partly explains 
the mixed results in existing studies on user ratings and highlights the advantage of employing the quantile 
regression model.  
Overall, our results illustrate that there is a very complex relationship between online user reviews and product 
variety on software download, which offers possible interpretations for the mixed results on the long tail and 
superstar effects. As aforementioned, unlike neutral ratings, the trend of the impact from extreme user ratings on 
software download across various popularity levels is not clear. The impact depends on the magnitudes of 
differences between product variety and threshold for each quantile, as well as different level of user ratings, which 
also explains the different observations of shift in consumer choices in different contexts reported in previous 
studies.  
                                                          
5
 The report of thresholds for all quantiles is available upon request. 
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Note: In each category, the OLS estimation for each parameter is shown below each quantile plot in the parenthesis.  
***p<.01 **p<.05 *p<.10  
Figure 3a. Quantile Plots for Some Key Covariates for Digital Media Player 
 
 
 
Figure 3b.  Quantile Plots for Some Key Covariates for Download Manager 
 
(OLS: -0.001) (OLS: -0.267**) 
(OLS: 0.001**) (OLS: 0.001**) 
(OLS: 0.124**) (OLS: -0.155**) 
(OLS: 0.001**) (OLS: 0.004*) 
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Figure 3c.  Quantile Plots for Some Key Covariates for MP3 Finder 
 
Discussion, Limitations, and Future Research 
The objective of this paper is to demonstrate how both the supply and demand side factors in online shopping 
environment influence user choices, and thus contribute to changes of consumption pattern cumulatively. We 
conduct our analysis in the context of online software download that demonstrates the overwhelming amount of 
choices available in current electronic market and the extent to which online users are provided with the user 
reviews information. Our results provide a comprehensive understanding of the underlying mechanism by 
differentiating the levels of user ratings and recognizing the interaction effect between user reviews and product 
variety. This offers possible explanations in reconciling the mixed results in extant studies on both the impact of 
online WOM and the formation of long tail.  In terms of online user reviews, its impact is not uniform across 
different levels of ratings. In the meantime, the relationship between online user ratings and software download also 
differs by the level of product variety. In an online market with product variety exceeding certain threshold, the 
impact of user ratings with different level all results in the increase in software download, but the magnitude of this 
impact differs by the level of ratings. The impact of positive user ratings has a larger magnitude than the neutral user 
ratings’, the latter of which has a stronger impact than negative ratings. In other words, the extreme user reviews 
significantly decrease consumer search costs as well as uncertainty more than neutral reviews do in online software 
market. In terms of product variety, for all products with neutral ratings, the increase in product variety leads to 
more changes on product adoptions. In addition, this influence is more dominant for products with extreme user 
reviews than those with neutral ones. The increase in product variety even results in less downloads of software 
programs with neutral ratings in most popular group--99quantile. This finding is consistent with the overchoice 
claim from Gourville and Soman (2005) that consumers may choose not to adopt any product at all.   
Moreover, the significant interaction effect between product variety and online user reviews may offer possible 
interpretations on the different observed consumption patterns in different contexts, namely long tail, superstar or 
even both. On the one hand, the popular products would exhibit a rich-get-richer effect resulted by the increase in 
neutral ratings, in support of superstar prediction. On the other hand, for all products with neutral ratings, the 
positive influence from product variety is more dominant on unpopular products, in support of long tail effect. This 
entangled mechanism contributes to our identified software download distribution as the coexistence of long tail and 
superstar effects. However, the impact gets even more intricate for products with extreme user ratings. Whether the 
increase of extreme user reviews exhibits more influence on poplar products than unpopular products is unclear, 
which is highly depending on the discrepancy from actual product variety to threshold for each quantile.  
(OLS: -0.024**) (OLS: -0.261**) 
(OLS: 0.003**) (OLS: -0.003**) 
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Our results introduce a new and very interesting finding – the existence of thresholds of product variety in 
explaining the interaction effect between product variety and online WOM, which to our knowledge, has not been 
identified in extant studies. Anderson (2006) summarizes all the new tools and techniques on demand side to help 
consumers locate their favorite products as “filters”. He also points out that though consumers are provided with 
significantly more products and filters, it is still uncertain whether hundreds of underdogs would win a few 
superstars in current software market. The threshold of product variety we identified in this study supports this claim 
by implying that the online WOM, as one of the filters, functions differently in the market with different product 
variety level. When product variety is beyond the threshold, the impact of extreme user ratings is different from the 
impact of neutral user ratings. Therefore, the existence of threshold provides another possible explanation for the 
uncertainty of long tail prediction. An interesting extension to this study is to examine the pattern and trend of the 
threshold for products in different markets. Furthermore, future research calls for the investigation of the underlying 
mechanism to shape the threshold across product sales distribution in online shopping environment. 
Though our results support Anderson’s (2006) uncertainty of long tail prediction in software market, in terms of 
business practice, software producers and retailers always have the incentive to collect the profits from underdogs as 
well as from the popular products, considering the negligible marginal cost in today’s software market. This study 
complements Anderson’s (2006) and other long tail research in understanding the influence of filters. In contrast to 
the high expectation on the influence of online recommendation systems as one of the most helpful filters for long 
tail formation, our results show that online user reviews do not necessarily contribute to the emergence of long tail. 
We find neutral user reviews have stronger impact on popular products, whereas the impact of extreme user reviews 
has no clear trend across products with different popularities. In addition, we find the estimated coefficient on 
WEEKLYRANKit is significantly negative, yet the impact is uniform across all quantiles. Hence, providing popularity 
information, a strategy widely adopted by many e-retailers, should be reconsidered in promoting the sales of the tail 
products.  
Another limitation of this study is that our data does not allow us to quantify the potential benefits from the 
coexistence of long tail and super star effects. An interesting extension to the current study is to examine whether 
the niche market is rising at the cost of the superstar products, as suggested in one of our results that for all products 
with neutral reviews in categories of Download Manager and MP3 Finder, the increase in download of unpopular 
products is coming along with the decrease in very popular products as a result of the increase in product variety. 
Future research may benefit more from deeply delving into this issue.  
Additionally, we use a dummy variable to control for the existence of expert ratings without considering the valence 
of expert reviews due to the lack of adequate sample. There is only a very small portion of software products (less 
than 20%) that are reviewed by CNETD. The quantile regression results in each category show that the existence of 
expert reviews can have either positive or negative influence on software download. This influence is stronger with 
respect to more popular products. An extension to the current research would be valuable to examine the mediating 
impact of expert reviews on user reviews and product variety. 
Finally, the use of free or free-to-try products in this study may incur the concern of the generalization of our results.  
Online users may treat decisions about free or free-to-try software programs less seriously compared to more 
expensive products. However, most software programs require users to learn new interfaces and explore new 
functionalities, and free or free-to-try software programs often require significant commitments from the users 
(Duan et al. 2009).  For example, Digital Media Player software is often used to manage media files, and the users 
need to input extensive information about various files and put in significant efforts to process these files. From this 
point of view, free-to-download software programs are not substantially different from other software products that 
online users have to purchase. However, our results should be very carefully extended to industries other than 
software due the differences in product characteristics.      
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